Sampling representative years for a TSO in a climate
simulation of 200 years.
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Data set 2 = energy-related :
- 200 years of Arpege-Climate model for 2050 under RCP 8.5.
- Weather — loads and renewables — generations — power flows.

We have several datasets of 200 years of hourly gridded data under
future climate. Because power-flow simulations for 200 years are
computationally costly, our objective is to find a small number of

representative years. 2050 200 2070 2080 200  20s0 2070 2080 20s0  20e0 200 2000 - Antares simulator [3] optimizes the production unit commitment.
- 2 s0ci0-economic scenarios.
Statistical models based on historical data convert weather variables 2SS EETE e - Energy variables : regional /national/continental net load, flows ...
to energy-related variables : consumption, and wind and 0 3- [ os- - Operational use of the sample of 10 years.
photovoltaic (PV) capacity factors. Assumptions on the evolution of o2 / 2- 0.4- 7
electricity generation and consumption (population growth, new g 0% = - 02- No other data ? optimize !
wind power plants, technology evolution, electric mobility...) come < 000 / Ly . | |  o0- . | | | - Custom score thresholds M,;.
from our Long-Term Adequacy Report [1] 000 025 050 075 100 000 025 gfger 075 100 000 025 050 075 1.00 _ Numerical experiments for (21000) ~ 1016.
The sample of roughly 10 years should be close to the full dataset. s ik 0.12- i We illustrate :
We resort to the definition of constraints to filter sample candidates. § ZZ?: o / 0.09- - the difference between the sampled and the full distribution.

0010~ . Tl ) - the approximation error of a satisfying sample.
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For each variable and location, we compute several scores between
the sample u and the full distribution v : Figure 1: Top line : series of annual average values. Middle and bottom line : sorted roras. Slrope_net BP2050 france_net_BP2050 france_net_PPE2035 france_raw_PPE2035
-e.g. | ﬁa’“stria _ Maustria . scores of random samples according to the sample size (number of years). The black ) 90000 -
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. . . . : . . o -2e+05-
- A sample u is compared to the uniform mixture v. Vi score; < M;. The number 25000 is an estimation (last row). o oons. O 3000-
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For the ener re, we precompute the matrix A with : s
OF tThe ENEL5Y SCOTe, elp ecomp e, © 1 , 2 Figure 4: Observed (200 years) and estimated quantiles from a satisfying sample.
-ES = E(||[X - Y|]) - g E([|X = X"|]) — g E([[Y = Y7]). 2
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Wi £\ M1 o M difficult Figure 2: Number of satisfying random samples depending on the number of e meefpesk ferror 99
€ want vi, score; < MM;. Lowering [Vl; Increases ditficulty. randomly picked constraints of quantile score, for samples of 10 years. f;ance-ra"‘;-iizgz:' )
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To generate a new sample, we can use : % france_net_BP2050-
- random Sampling, — europe_net_daily_BP2050 -
. . t BP2050 -
- random sampling based on a clustering of years [2], SRR . i L v T — N
.9 ) - good_sample -+ M. - random_sample 0 1000 2000 3000 O 2000 4000 6000 0 2500 5000 7500 10000
- local search optimization. score
rsds avg rsds energy rsds mae_q rsds mae_q_peak rsds g_error_99th . . .
To save computation time : I P R e e = = Figure 5: Scores of a satisfying sample vs. average scores of random samples.

- we compute costly scores only if cheap scores are satistying. Trrsca

In practice, we tested 107 samples for each experiment. :ng : == | = .. - . | === . Lo DiSCUSSiOn
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Data set 1 = weather-related : c Ffffgﬁ{f: . - . ,':,'.",. ' f- '  New variables with spatial or temporal aggregation ?
- Climate proj.ections 2050-2080 RCP .8.5. o § EB; f:.. - = : ' o : -:. '.':_: . ' . ' . Defl.Ill.thIlS of score thre§hold M;? N |
- Weather variables : temperature’ wind Speed and solar radiation. R S -t o= ’ « Sufficient number of climate models ? Sufficient number of socio-
- 7 models — 210 years. LR Lo e et e economic scenarios ?
- 5 score types X 25 regional aggregates X 3 variables = 375 scores. 000 005 010000 001 005 01000 01 02 03 04 00 01 02 03 « Sampling strategies ?
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What about multi-model variability ? PplEr = R == A= B REES .
- We want to avoid overfitting, i.e. M; too low. AEE ——— i — 1o ( Onc1u81on
- We want M; > multi-model variability. ?gt =, R — = L b
- With two samples Py, Py, of 90 years (2 x 3 models among 7), L B I — .
elcy T pu— S . . . . .
- we set M; = v x max(score;(Py, P,,)) with v = 1.5. & I - = , : ) , « Lower approximation error with satisfying samples of years.
- Numerical experiments for (?8) ~ 102, T o o ots 0050 EEPUSEO T o - Experiments on weather and energy data.
score « A few R packages: fields, energy, lubridate, posterdown.

We illustrate :  Code : https://github.com /rte-france /scenclimsample

Figure 3: Scores of a satisfying sample vs. average scores of random samples.

- the large intermodel variability (large M;).

- the importance of the sample size (number of years).
- the filtering efficiency of the number of constraints.

- the approximation error of a selected sample.
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